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Abstract

Particle Iters is now establishedisone of the mostpopularmethodfor vi-
sualtracking. Within this framework, it is generallyassumedhat the data
aretemporallyindependengiventhesequencef objectstatesin this paper
we arguethatin generatthe dataare correlatedandthat modelingsuchde-
pendenyg shouldimprove trackingrobustness.To take datacorrelationinto

accountwe proposea new modelwhich canbeinterpretedasintroducinga
likelihoodon implicit motionmeasurementslhe proposednodelallows to

Iter outvisualdistractoravhentrackingobjectswith genericmodelsbased
on shapeor color distribution representationgsshowvn by the reportedex-

periments.

1 Intr oduction

Visual tracking is an importantproblemin computervision, with applicationsin tele-
conferencingyvisual suneillance, gesturerecognition,and vision basedinterfaces|3].
Thoughtrackinghasbeenintensively studiedin theliterature,it is still achallengingtask
in adwersesituationsdueto thepresencef ambiguitiege.g. whentrackinganobjectin a
clutteredsceneor whentrackingmultiple instance®f the sameobjectclass) the noisein
imagemeasurement®.g. lighting problems) andthe variability of the objectclass(e.g.
posevariations).

In the pursuit of robust tracking, SequentialMonte Carlo methods[1, 5, 3] have
shawvn to be a successfubpproach.In this Bayesianframework, the probability of the
objectcon guration given the obsenationsis representedby a setof weightedrandom
samplescalledparticles.Thisrepresentatioallowsto simultaneouslynaintainmultiple-
hypothesem thepresencef ambiguitiesunlike algorithmsthatkeeponly onecon gura-
tion state[4], which arethereforesensitve to singlefailurein the presencef ambiguities
or fastor erraticmotion.

Visualtrackingwith a particle Iter requiresthe de nition of two mainelements a
datalikelihoodtermanda dynamicalmodel. Thedatalik elihoodterm evaluateghelik e-
lihood of the currentobsenation given the currentobjectstate,andrelies on the object
representatiowe have chosen.The objectrepresentationorrespondso all theinforma-
tion thatexplicitly or implicitly characterizéhe objectlik e the targetposition,geometry
appearancenotion etc. Parametrizedshapedike splines[3] or ellipses[12] and color
distributions[8, 4, 7, 12] areoften usedastargetrepresentationOnedravbackof these



genericrepresentations that they are quite unspeci ¢c which augmentthe chancesof
ambiguities.Oneway to improve the robustnes®f a tracker consistsof combininglow-
level measurementsuchasshapeandcolor[12]. A stepfurtherto renderthetargetmore
discriminatie is to useappearence-basedodelssuchastemplateq9, 10], leadingto
very robust trackers. However, suchrepresentationdo not allow for large changesof
appearenceajnlessadaptatioris performedor more complex global appearencenodels
areused(e.g.eigen-spac§?] or setof examplarg11]).

Thedynamicalmodelcharacterizethe prior onthe statesequenceExampleof such
modelsrangefrom simpleconstanvelocity modelsto moresophisticate@scillatoryones
or even mixturesof these[6]. In the particle Iter framework, the dynamicsare used
to predictthe new statehypothesesvherethe datalikelihoodwill be evaluated. Thus,
the dynamicalmodelimplicitly de ne somesearchrangefor the new hypotheses.The
dif culty of modelingthedynamicsarisesrom thetwo contradictoryobjectvesit should
ful ll.  Ononehand,the searchspaceshouldbe smallenoughto avoid thetracker being
confusedby distractorsin the vicinity of the true objectcon guration, a situationthat
is likely to happenfor unspeci c objectrepresentationsuchasgenericshapesor color
distributions.Ontheotherhand,it shouldbelarge enoughsothatit cancopewith abrupt
motionchanges.

In this paperwe proposea new trackingmethodbasedn the particle Iter algorithm.
More preciselywe armguethata standardypothesi®f this Iter , namelytheindependence
of obsenationsgiventhe statesequencds inappropriaten thecaseof visualtracking.In
this view, we proposea modelthat assumeshatthe currentobsenation dependn the
currentandprevious objectcon guration aswell ason the pastobsenation. As we will
shaw, the proposedmnodelcanbe exploitedto introduceanimplicit objectmotionlikeli-
hoodin thedataterm. Thebene tsof this nev modelaretwo-fold. First, by exploiting a
kind of templatecorrelationbetweersuccessie images,t will turn generictrackerslike
shapeor color histogramtrackersinto more speci ¢ oneswithout resortingto complex
appearencbasedmodels.Secondasa consequencet reduceshe sensitvity of theal-
gorithmto thesizeof thesearchrange sincewhenusingalargessize,potentialdistractors
shouldbe Itered outby theintroducedcorrelationfactot

Therestof the paperis organizedasfollows. In the next Section,we brie y present
the standardparticle Iter algorithm. Our modelis explainedin Section3. Section4
presentsheresultsandsomeconcludingremarks.

2 Particle ltering

Particle ltering is a techniquefor implementinga recursve Bayesianlter by Monte-
Carlo simulations. The key ideais to representhe requireddensityfunction by a set

setof supportpointswith associateaveightswj. The weightsare normalizedsuchthat
a; W, = 1. Then,adiscreteapproximatiorof thetrue posteriorattime Kk is givenby :

Ne _
P(CoydZiy) & Wed(Coy  Cox): (1)
i=1
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F|gure1. Graphicalmodelsfor tracking.(a) standardnodel(b) proposednodel.

Theweightsarechoserusingthe principle of ImportanceSampling(IS). More precisely
supposehatwe could draw the samplescy,,, from animportance(also called proposal)
densityq(cy,jz,). Thenthe properweightsin (1) thatleadto anapproximatiorof the
posteriorarede ned by :
P(CowiZis) .
(O k: Z1 'k (2)
A(CosdZs)
Thegoalof theparticle Itering algorithmis therecursve propagatiorof the samplesand
estimationof the associatedveightsas eachmeasuremeris received sequentially To
this end,therecursve equationof the posterioris employed:

P(ZdCow 21k DP(CdCox 1321 1)

ConlZi) = - Cox 1121 ; 3
P(CoxdZ14) P(2dzy 1) P(Cox 1Zix 1) 3)

andwe assume similar factorizedform for the proposat
A(CoxdZisd = ACdCox 13211 N Cox 121k 1) (4)

Fromthere threehypothesearecommonlymadeto derive the standardgarticle Iter :

1. Thestatesequence,, followsa rst-order Markov chainmodel,characterizethy
thede nition of thedynamicsp(c,jc, ;).

2. The obser\ationsf zkg, giventhe sequencef statesareindependent.This leads
to p(z,4JCos) = Oi= 1p(ijCk) which requireshede nition of theindividual data-
likelihoodp(zjc,) ;

3. The prior distribution p(X,,) is employed asimportancefunction. In this case,
ACiCox 1:Z15) = P(GC 1)

Replacing(4) and (3) in (2) and using the three hypothesesye obtain the following
recursve equatiorfor theweight:

Wi 1 W 4 P(Zdcl): (5)

It is knownthatimportancesamplingis usuallyinef cient in high-dimensionnadpaces
[5], whichis the caseof the statespacec,, ask increasesTo solve this problem,anad-
ditional resamplingstepis necessarywhoseeffect is to eliminatethe particleswith low
importanceweightsandto multiply particleshaving high weights, giving rise to more
varietyaroundthe modesof the posteriorafterthe next importancesamplingstep.

Altogether we obtainthe standardarticle Iter thatis displayedn Fig. 2.



1. Initialisation: Fori= 1;:::;Ns, samplec) p(c,) andsetk= 1

2. Importancesamplingstep: Fori= 1;:::;Ns, sampleg},  p(c,jcl ;) andevaluate
theimportanceweights: W, p W ; p(zj&)

3. Selectiorstep: Resamplewith replacementNs particlesf ci;wj, = g from the
samplesetf &;W g. Setk = k+ 1 andgoto step2

Figure2: Thebootstraplter algorithm.

3 The proposedmodel

In this Sectionwe proposea new methodthatimplicitly incorporatesnotioninformation
into the measuremenprocess. This is achiezed by modifying the traditional graphical
modelrepresenteéh Fig. 1a, by makingthe currentobsenation dependenhot only on

thecurrentobjectcon gurationbut alsoontheobjectcon gurationandobsenationatthe

previousinstant(seeFig. 1b). We rst provide argumentdor this changeandthenpresent
morepreciselyour approach.

3.1 Revisiting particle hypothesis

The lter describedn Fig. 2 is basedon the standardorobabilisticmodelfor tracking
displayedn Fig. laandcorrespondingo hypothese$l) and(2) of the previoussection.

The rst hypothesiss a reasonabl@ne. Objects(andthe camera)usually follows
somedynamicsgovernedby the laws of physics. The questionghat ariseherearemore
a matterof how complicatedhe dynamicalmodelis, how well we canlearnit, andhow
accuratet is to theapplication.

In visualtracking,the seconchypothesisioesnot seemto be a sensibleassumptiort-
In mostof the tracking algorithms,the con guration stateincludesthe parametersf a
geometrictransformation . Then,the measurementsonsistof implicitly or explicitly
extractingsomepartof theimageby :

Z (N =27( ¢n 8r2R; (6)

wherer denotesapixel position,R denotesa x edreferenceegion,and g, r represents
the applicationof the transform  parameterizedy c, to the pixel r. The datalikeli-
hoodis thencomputedfrom this local : p(zgjc,) = p(Z,), with Z. denotingthe patch
castedn thereferencdrameaccordingo (6). However, if ¢, ; andc, correspondo two
consecutie statesof agivenobject,it is reasonabléo assume

2Ck(r) =7 1(r)+ noise 8r2R @)

wherenoiseusuallytakessomesmallvalue. This pointis illustratedin Figure3. Equa-
tion (7) is at the coreof all motion estimationandcompensatiomlgorithmslike MPEG
andis indeeda valid hypothesis.Thus,accordingto this equation the independencef
thedatagiventhe sequencef stateds notavalid assumptionMore precisely:

P(3dZ1x 1:C14) € P(7dG) (8)

1For contourtracking,theassumptiornoldsasthe temporalauto-correlatioriunction of contoursis pealed.




Figure3: Imagesattimet andt + 3. Thetwo local patchegorrespondingo theheadandextracted
from thetwo imagesarestronglycorrelated.

whichmeanghatwe cannotreducetheleft handsideto theright oneasusuallydone.A
bettermodelfor visualtrackingis thusrepresentely the graphicalmodelof Fig. 1b.

The new modelcanbe incorporatedn the particleframeavork. Startingfrom equa-
tion (3), all thesubsequergquationcanbederivedexploiting this new assumptionlf the
proposals equalto the dynamicmodel,it simply leadsto thefollowing updateequation:

Wi i Wy 1 P(3dZ 1iGiCk 1) 9)

in replacemendf equation(5), which canin turn be usedin thebootstrapalgorithm.

3.2 Object representation,state spaceand dynamicsde nition

We follow animage-basedtandardapproachywheretheobjectis representetly aregion

R subjectto somevalid geometrictransformationandis characterize@itherby a shape
or by a feature(we usecolor) distribution in this region. For the geometrictransforma-
tions, we have chosena subspacef the af ne transformationgomprisinga translation
T andascalingfactors. Furthermorea rst-order dynamicalmodelis de ned on these
parameteraugmentedvith their respectie speed.More precisely de ning the stateas
¢ = (a,;ay),with a = (T;s), thedynamicaimodelis de nedbyc, = Ag, ;+ Bw, where
A andB arethe parametersf themodelandw is awhite noiseprocess.

3.3 Datalik elihood modeling

To implementthe new particle Iter , we consideredhefollowing datalik elihood:

P(Zdz 1:GaC 1) = P(Zdz 1:GaC 1) PolZiC) (10)

wherethe rst probabilityp.() modelsthe correlationbetweerthetwo obsenationsand
p,() is anobjectlikelihood. This choicedecoupleshe modelof the correlationexisting
betweertwo imageswhoseimplicit goalis to ensureghatthe objecttrajectoryfollowsthe
optical ow eld impliedby thesequencef imagesfrom theshapeor appearencebject
model. We assumedhat thesetwo termsareindependentWhenthe objectis modeled
by a shape this assumptioris valid sinceshapemeasuremenwill mainly involve mea-
surement®ntheborderof the object,while the correlationtermwill applyto theregions
insidetheobject.Whenacolorrepresentatiois employed,whichinvolvesmeasurements
insidethe object,theindependancassumptiommight notholdin strictterms.



Visual object measurement

For theexperimentsye consideredoth contourmodelsandcolor models.
Contourmodel:

The obsenation modelassumeshat objectsareembeddedn clutter Edge-basednea-
surementsare computedalong L normallines to a hypothesizectontour resultingfor
eachline | in avectorof candidatepositionsf n!.g relative to a pointlying on the contour
n('). With someusualassumption§3], thelikelihoodcanbe expressedis

ki, nik?
2s2

L
Po(ZjC) 1 |Omax K exp( ) (11)
=1

wheref, is thenearesedgeon|, andK is aconstanusedwhenno edgesaredetected.
Colormodel:

As color modelswe usedcolor distributions representedhy normalizedhistogramsin
the HSV spaceandgatherednsidethe candidateregion R(c,) associateavith the state
c,. To berobustto illumination effects,we only consideredhe HS values. Besidesto
add somespatiallayout information, the candidateregion was split into N; sub-rejions
R:(c,). Then,amultidimensionahistogramwascomputedandnormalized)resultingin
avectorb(c,) = (bj(ck))jzlxN, whereN = N, Ns N with N, andNs representinghe
numberof binsalongthehueandsaturatiordimensionsespectiely, andwhereanindex
j correspondo atriple (h;s;r), with h ands denotinghue and saturationbin numbers,
andr theregion number

At time k, the candidatecolor modelb(c,) is comparedo areferencecolor modelb, ;.
Currently we usethe histogramcomputedin the rst frameasreferencemodel. As a
distancemeasurave employeda Bhattacharyyalistancemeasurg4, 7]:

D=

Dpra(b(G)iber) = 1 @ bl(g)bl,
j=1

and assumedbhat the probability distribution of the squareof this distancefor a given
objectwasfollowing anexponentiallaw,

Po(ZdC) M expf | Dfna (b (C);brer)Q:

Image correlation measurement

We modelthistermin thefollowing way :

H cdc Z 7
Pe(ZdZ 136G 1) M exp 'Ol ) (12)

whered; denotesa distancebetweerntwo imagepatchesMany suchdistanceshave been
de ned and usedin the literature[9, 11]. The choiceof the distanceshouldtake into
accounthefollowingsconsiderationsyhich areillustratedin Fig. 4 :

1. Thedistanceshouldmodelthe underlyingmotioncontent,.e. the distanceshould
increaseasthe errorin the predictedcon guration grows. For example,in Fig. 4,
the predictedred box shouldreceve a larger distancethanthe greenboxesif they
originatefrom the sameparticlein the previousframe(the white box).



Figure4: Trackingthewhite box ontheleft image: greenboxeson theright shouldhave a higher
probabilitythanthe red one. Greenboxes,generatedrom the dynamicalmodel,will almostnever
fall ontheoptimalmatch(white box ontheright). If theheadandthebackgroundindego different
motion, the predictedboxesassociatedvith the blue box (on theleft) shouldin generalgetalower
probabilitythanthoseassociatedvith the white box.
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Figure5: a) Distancepro les (scaled),in function of the error (in pixel units) with respecto the

perfectmatch(error=0). The size of the consideredpatchess 40x40, and the valueshave been
averagedover 20 differentpatchesrom animage. Distances (red,+)L2 (green,o)L1 saturated
(blue,x)Haussdorfb) andc) Distancepro les for apredictedoarticlethatoriginaly coversonly the

object(green,x)or partof the object(60%)andof the backgroundred,0).b) L1 saturatediistance
c) L2 distance Thedifferencebetweerthebackgroundnotionandobjectmotionis 4, andtheerror

is setto 0 whenthe predictedparticlehasthe samemotionthanthe object.

2. Therandomnatureof the predictionprocesdn the SMC lItering will rarely pro-
ducecon gurationscorrespondingo exactmatchesasshovn in Fig. 4.

3. Thedistancebetweena particleandits descendentshouldin generabehigherfor
particlesthatcoverpartsof anobjectandthebackgroundhanfor particlescovering
only anobject,whenobjectandbackgroundindego differentmotion.

Fig. 5 displayssomedistancesneasuresn function of the predictederror? The values
have beenaveragedby performingthe sameexperimenton randompatchegakenin an
image. This Figureshaws thata robust distance(herea L1 saturatedlistance)eadsto
a pealeddistancepro le thatwould not be so appropriateo accountfor point 2 above.
Moreover, therobustdistancedoesnt satisfysowell point3, sinceparticlesfully covering
the objectbut with smallpredictederrors(e.g. 1 pixel) receve distancemeasuresimilar
to thoseof particlescovering objectandbackgroundvith a predictedcon guration that
matchewerywell theobjectmotion,asillustratedin Figure5c. OntheotherhandthelL2
normis moreappropriaté. Thus,we selectedhe L2 distancewhichindeedcorresponds

2i.e.theerror(in pixels) betweerthe predictedpositionandthe onecorrespondingo the optimal match.
3Theneedfor point3 is amuable.If partialocclusionis expected arobustnormmightbe moreappropriate.



Figure6: Trackingtheleft handattimetg,q, g5, tgso @Ndigss. Top: histogramtracler. Bottom:
histogrampluscorrelation.White box: mostlikely particle. Greenboxes: otherlikely particles.

Tracking error 100 particles Tracking error 200 particles

AR index®0°

Figure7: Error betweerthe positionof the handprovided by thetracker (box center)anda hand-
labeledhandposition. The plotted curves correspondo an averageover 10 runsof eachtracler.
(+,greenHC and(o,blue)H traclers. Left, 100 particles.Right, 200.

to anadditive Gaussiamoisemodelin Eq.(7),

e(ZiZ, ) = 8 (% (1) Z, (1) with r (9 = (13)
2R

and/ . is setto %2 wheres. denoteghe noisestandardleviation.

Regardingthe above equation,it is importantto emphasizehat the methodis not per
forming templatematching,asin [9]. No objecttemplateis learnedoff-line or de ned at
the begining of the sequenceandthe tracker doesnot maintaina singletemplateobject
representatiomt eachinstantof the sequence.Thus,the correlationterm is not object
speci ¢ (exceptthroughthe de nition of the referenceregion R). A particle“lying” on
the backgroundwould thusreceve a high weightif the predictedmotionis in adequa-
tion with backgroundmotion. Neverthelessthe methodologycould be the extendedto
be moreobjectdependentby allowing the region R to vary over time (usingexamplars
for instance)pr by introducingspatiallyvariantnoisein the de nition of the correlation
term.

4 Results

We presentesultsonthreesequencedn all casesthetrackeris initialized by hand.



4 Us L3 ts3
Figure8: Headtrackingl : top, shaperacker only. Bottom,shape+correlatiotracler.

Hand tracking

In this sequencéseeFig. 6), thetwo handsareactive, graspingor displacingobjects,or
waving from left to right simultaneously The handsmove over a clutteredbackground,
bothin shapeandcolor, andthecameras moving aswell. Asahandmodel,we usedabox
splitin 9 regions of equalsizewith associatedolor histogramsTrackingtheright hand
with the histogramonly (H) or histogrampluscorrelation(HC) trackersproducedsimilar
results.However, whentrackingthe left hand,the H tracker wasseveraltimesconfused
by the presenc®f theright hand,asillustratedin Fig. 6, top row. This confusionusually
lastedfor severalframes but mostof thetime, theH tracker wasableto resumeTheHC
tracker did never undego this ambiguityproblem.This is demonstrateéh Fig. 7, which
displaystheerrorin the handpositionaveragedver 10 runs.

Head tracking

The rst sequencéFig. 8) illustratesthebene t of themethodin thepresencef ambigu-
ities. Despitethe presencef a highly texturedbackgroundproducingvery noisy shape
measurementshe cameraandheadmotion, the changeof appearencef the head,and
partialocclusion theheadis correclytrackedusingour method.Whatever the numberof
particlesor thenoisevariancen thedynamicaimodel,theshapdrackeraloneis unableto
performacorrecttrackingafterthet, , instant.Note thatfor this sequencethe histogram
only tracker fails aswell but a joint histogramandshapéeracker wassuccessful.

In the secondsequencéFig. 9), histogrammodelsareinappropriateasthe tracked per
sonis undegoingseveral36(° headturns. In this sequencetheshapérackeris perturbed
aroundframe 60 by differentfactors: abruptvertical cameramotionandthe absencef
headcontoursastheheadmovesin front of thebooksheles.Thetrackeris thenunableto
recover. Onthe otherhand,the shapeandcorrelationtracker successfulyracksthe head
turn ®, remainslessin uenced by the lack of contourmeasurementand abruptmotion
changesandsuccessfullyracksthe headovertherestof the sequence.

4Whenusinglessregions, the histogramtracler wasfrequentlyjumping from one handto the other This
wasalmostnever the caseof the histogram-correlatiotracler, but becausef the crudespatialrepresentation,
thetracler would oftenlock on a small partof thehandonly.

5The headturn is indeeda dif cult casefor the nev method,asin the extremecase the motioninsidethe
headregionindicatesaright (or left) movementwhile theheadoutline remainsstatic.
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Figure9: Top, shapdracker. Bottom,shape+correlatiotracker. 800 particles.

Conclusion

We proposeda methodfor visualtrackingwith particle lters, which takesinto account
thetemporakorrelationthatexistsbetweersuccessieimagesof thesameobjectby intro-
ducinganew datalik elihoodmodeling. The presentednodelallows for theintegrationof
motionmeasuremenig animplicit way, whichis helpfulto remove trackingambiguities
thatoccurswhenusinggenericshape-basedr color-basedbjectmodels.
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